Abstract: Salt marshes are changing due to natural and anthropogenic stressors such as sea level rise, nutrient enrichment, herbivory, storm surge, and coastal development. This study analyzes salt marsh change at Fire Island National Seashore (FIIS), a nationally protected area, using object-based image analysis (OBIA) to classify a combination of data from Worldview-2 and Worldview-3 satellites, topobathymetric Light Detection and Ranging (LiDAR), and National Agricultural Imagery Program (NAIP) aerial imageries acquired from 1994 to 2017. The salt marsh classification was trained and tested with vegetation plot data. In October 2012, Hurricane Sandy caused extensive overwash and breached a section of the island. This study quantified the continuing effects of the breach on the surrounding salt marsh. The tidal inundation at the time of image acquisition was analyzed using a topobathymetric LiDAR-derived Digital Elevation Model (DEM) to create a bathtub model at the target tidal stage. The study revealed geospatial distribution and rates of change within the salt marsh interior and the salt marsh edge. The Worldview-2/Worldview-3 imagery classification was able to classify the salt marsh environments accurately and achieved an overall accuracy of 92.75%. Following the breach caused by Hurricane Sandy, bayside salt marsh edge was found to be eroding more rapidly (F 1, 1597 = 206.06, p < 0.001). However, the interior panne/pool expansion rates were not affected by the breach. The salt marsh pannes and pools were more likely to revegetate if they had a hydrological connection to a mosquito ditch (χ2 = 28.049, p < 0.001). The study confirmed that the NAIP data were adequate for determining rates of salt marsh change with high accuracy. The cost and revisit time of NAIP imagery creates an ideal open data source for high spatial resolution monitoring and change analysis of salt marsh environments.
Introduction
Salt marshes are defined by daily tidal inundation and dominated by halophytic vegetation. These ecosystems are the boundary between terrestrial and nearshore aquatic environments their unique location on the landscape and vegetation composition provides ecosystem services such as denitrification, filtration of pollutants, nursey habitat, coastal resilience, and carbon storage and sequestration [1, 2] . Historically, salt marshes have displayed high rates of loss due to land reclamation and disturbances such as mosquito ditching [3, 4] . Currently, salt marshes along the mid-Atlantic coastal region of the United States are at risk of loss due to sea level rise (SLR), eutrophication, nutrient enrichment, sediment availability, tidal range, and herbivory and human disturbances [5] [6] [7] [8] [9] [10] [11] [12] . Recent
The decision to allow the Fire Island breach to evolve naturally facilitates monitoring to understand the effect of this process on the surrounding salt marshes.
Remote sensing monitoring can quantify essential attributes of the salt marsh landscape. Remote sensing has been used to understand differences in salt marsh pond density and the total surface area between ditched and unditched marshes [32] . Imagery and Light Detection and Ranging (LiDAR) have been used to quantify pools and pannes and their landscape location [33] . Salt marsh change analysis has been used to identify complex patterns of spatial and temporal variation [14] , dramatic conversions from high to low marsh [34] , impacts of salt marsh restoration and Hurricane Sandy [35] , and identify the effect of SLR on salt marsh communities [36] . The combination of very high resolution (VHR) satellite imagery and aerial imagery provided the necessary spatial and temporal resolution to understand the dynamic coastal environment.
This study mapped salt marsh habitat on Fire Island National Seashore (FIIS) utilizing object-based image analysis (OBIA) with VHR satellite imagery. Multitemporal OBIA was utilized to analyze the development and geospatial dynamics of pool and pannes with high spatial resolution aerial imagery from 1994, 2011, 2013, 2015, and 2017 . Change to pannes and pools and edge erosion were analyzed to determine if they were significant components of salt marsh loss at FIIS. The use of remote sensing to determine how protected areas are changing with high accuracy is vital to better manage these areas. The objectives of this study are to (1) classify FIIS salt marsh with OBIA and VHR remote sensing imagery data; (2) determine change rates for interior salt marsh pannes and pools and edge erosion from 1994-2017; (3) determine the relationship between hydrological connectivity and panne expansion; and (4) determine if edge erosion or panne/pool expansion increased surrounding the Hurricane Sandy breach between 2011-2017.
Materials and Methods

Study Area
Fire Island is a barrier island along the southern coast of Long Island, New York, of which 7924 hectares are managed and protected by the National Park Service (NPS) (Figure 1 ). Salt marsh is the dominant land cover on the island comprising 26% of the protected area [37] . The bayside environment is polyhaline [38] . The island's geomorphology has been altered by urbanization, beach replenishment, and inlet stabilization [39] . More frequent medium intensity storms have been linked with salt marsh edge erosion [40] . Hurricane Sandy was a 1-in-500-year storm surge event that impacted the northeast Atlantic coastal region on 24 Oct 2012 [41] . In 2003, Quickbird-2 satellite images were used to map the study area with a focus on terrestrial and submerged aquatic vegetation [42] . Due to the limited bayside tidal exchange, Fire Island's salt marshes have a small tidal range of approximately 45.5 cm between MLLW and MHHW [43] . SLR is outpacing accretion on the salt marshes of Fire Island as determined by Surface Elevation Tables (SET) [5] .
Recent estimates of salt marsh change using aerial imagery from 1974 to 2005/2008 found a 14.1% loss of salt marsh vegetation in a region including Fire Island [15] . The protected areas of FIIS include the William Floyd Estate on the mainland and large bayside islands of Sexton, West Fire and East Fire Island (Figure 1 ). 
Data
Satellite imageries were collected on 4/15/2015 and 5/25/2015 with Worldview-3 and Worldview-2 sensors, respectively. Four-band National Agriculture Imagery Program (NAIP) data acquired between 2011 and 2017 and the true color National Aerial Photography Program (NAPP) data acquired in 1994 were used to classify the salt marshes ( Table 1 ). The aerial imageries were collected at a range of tidal stages (Table 1) . Change analysis was also conducted with a 1997 classification of FIIS performed with true color aerial photos for the island and verified with in situ field assessment with a highest achieved overall accuracy of 87.5% [45, 46] . Table 1 . The description of data used by acquisition date, spectral resolution (band wavelength when available), sensor or program, and spatial resolution. R = red, G = green, B = blue, NIR = near infrared, CB = coastal blue, Y = yellow, RE = Red edge. 
Date
Data
Satellite imageries were collected on 4/15/2015 and 5/25/2015 with Worldview-3 and Worldview-2 sensors, respectively. Four-band National Agriculture Imagery Program (NAIP) data acquired between 2011 and 2017 and the true color National Aerial Photography Program (NAPP) data acquired in 1994 were used to classify the salt marshes ( Table 1 ). The aerial imageries were collected at a range of tidal stages (Table 1) . Change analysis was also conducted with a 1997 classification of FIIS performed with true color aerial photos for the island and verified with in situ field assessment with a highest achieved overall accuracy of 87.5% [45, 46] . 
Tidal Stage Effects
The effects of the tidal stage at the time of imagery acquisition on mapped salt marsh extent has long been recognized e.g., [48, 49] . In this study, the tidal stage could impact the edge erosion calculations and the panne analysis. Therefore, the highest tidal stage out of all the imageries was analyzed using topobathymetric LiDAR, bathtub models, and the 2015 FIIS classification [50] . The method utilized the topobathymetric LIDAR-derived Digital Elevation Model (DEM) to create a bathtub model, i.e., a binary raster of inundated and non-inundated pixels, at the target tidal stage. The highest tidal stage of our images was 35.66 cm MLLW or 14.3 cm above the North American Vertical Datum 1988 (NAVD 88) occurring in 2017. The bathtub model was then used to determine areas mapped as vegetated in 2015 that were likely inundated at the 2017 image's tidal stage. The method has been applied in Jamaica Bay, New York, and was utilized in this study to understand the potential impact tidal stage had on the aerial image classifications. These data provide an understanding of the uncertainty derived from inundation that could occur in this analysis.
Object-Based Image Analysis
OBIA begins with an unsupervised classification or segmentation dividing the image into areas with similar spectral characteristics and spatial proximity [51] . This method used mean shift segmentation: a hierarchical segmentation with demonstrated success in remote sensing and other disciplines [52, 53] . OBIA allows for the combination of spectral, spatial, and ancillary data and has been shown to increase classification accuracy compared to pixel methodologies when using VHR satellite imagery [54] [55] [56] . In this study, a multiscale segmentation approach was used, selecting under segmented areas and resegmenting them at a finer segmentation scale [57, 58] (Figure 2 ). This study's final segmentation was dual scale with 80% of objects segmented at a spectral radius of 13 and minimum size of five pixels. The other 20% were segmented at a spectral radius of 8 and minimum size of five pixels. Data processing and segmentation were conducted with Python 2.7 [59] and Orfeo Toolbox 5.2 [60] . study's final segmentation was dual scale with 80% of objects segmented at a spectral radius of 13 and minimum size of five pixels. The other 20% were segmented at a spectral radius of 8 and minimum size of five pixels. Data processing and segmentation were conducted with Python 2.7 [59] and Orfeo Toolbox 5.2 [60] . The classification was composed of 10 categories including S. alterniflora, patchy S. alterniflora, high marsh, upland, dune vegetation, sand, mudflat, water, Phragmites, and wrack. A one-thousand-nine-hundred-and-thirteen 1-m 2 vegetation plot data were adapted to create training data. The training data were composed of plots with a Braun-Blanquet percent cover greater than ≥50%. Objects that intersected training points were selected, resulting in a total of 1,964 training samples. The species included in the high marsh category were S. patens, D. spicata, I. frutescens, and J. gerardii. Percent cover differentiated the two S. alterniflora classes with the patchy S. alterniflora class being between 49 and 10% cover, and the S. alterniflora class being ≥ 50 % cover. The vegetation plots were predominantly within the salt marsh environment leading to water, sand and upland classes being trained from samples gathered by visual interpretation and field knowledge. The Random Forest (RF) classifier was used to classify the 2015 Worldview-2/Worldview-3 image data for vegetation mapping and the panne and edge classifications.
Accuracy assessment was conducted for the 2015 Worldview-2/Worldview-3 image classification using a subset of the total training data. The data were randomly split 60% training and 40% for testing. The training data were used to train the RF model. An error matrix including kappa, producers, users, and overall accuracies was computed using the testing data. The classification was composed of 10 categories including S. alterniflora, patchy S. alterniflora, high marsh, upland, dune vegetation, sand, mudflat, water, Phragmites, and wrack.
A one-thousand-nine-hundred-and-thirteen 1-m 2 vegetation plot data were adapted to create training data. The training data were composed of plots with a Braun-Blanquet percent cover greater than ≥50%. Objects that intersected training points were selected, resulting in a total of 1964 training samples. The species included in the high marsh category were S. patens, D. spicata, I. frutescens, and J. gerardii. Percent cover differentiated the two S. alterniflora classes with the patchy S. alterniflora class being between 49 and 10% cover, and the S. alterniflora class being ≥ 50% cover. The vegetation plots were predominantly within the salt marsh environment leading to water, sand and upland classes being trained from samples gathered by visual interpretation and field knowledge. The Random Forest (RF) classifier was used to classify the 2015 Worldview-2/Worldview-3 image data for vegetation mapping and the panne and edge classifications.
Accuracy assessment was conducted for the 2015 Worldview-2/Worldview-3 image classification using a subset of the total training data. The data were randomly split 60% training and 40% for testing. The training data were used to train the RF model. An error matrix including kappa, producers, users, and overall accuracies was computed using the testing data.
The 2015 image classification was compared with a 1997 classification based on aerial imagery [45] . The 1997 classes of Reed grass marsh, high marsh, low marsh, and mosquito ditches were compared with the 2015 classes of Phragmites, high marsh, and S. alterniflora classes accordingly. Mosquito ditches in 1997 were included as vegetated area due to their small average width reported from 25.4 to 50.8 cm [61] . This width is below the minimum mapping unit of 0.25 ha for the 1997 classification [45] and the three-pixel width of the VHR classification. Change rate was calculated between 2015 and the 1997 salt marsh.
Change Analysis (1994-2017)
The panne and pool analysis, subsequently referred to as panne analysis, was conducted on imageries from 1994 to 2017. The edge erosion change analysis was conducted for 1994 to 2011 and 2011 to 2017. Each image collection was segmented at a spectral radius of 10 and shape radius of 5 with mean shift segmentation. This segmentation scale was adequate given the lower spectral resolution of the aerial images. ArcMap 10.5 [62] was used to select segments which intersected the interior mud or water areas of 2015 Worldview-2/Worldview-3 classifications, these segments comprised the 2015 pannes. The segments were then merged, creating a multitemporal segmentation. The classification parameters included mean, median, standard deviation, simple indices (i.e., red band/blue band), normalized difference vegetation index (NDVI) for those years with NIR, and the difference of each band for the year of interest and subsequent year. The panne and edge classifications were trained with objects that were either vegetated or non-vegetated. Their accuracies were verified with 522 randomly selected points, which were assessed as vegetated or non-vegetated for each time period.
Statistical Analysis
Edge erosion was calculated for two periods from 1994 to 2011 and 2011 to 2017. The salt marsh edge erosion was calculated based on starting edge length and the total area lost for each edge erosion object. Welch ANOVAs were used to compare rates of change from 1994 to 2011 and 2011 to 2017 for both pannes and edge erosion. Least-squares means was used to compare the two edge erosion rates and to see if edge erosion had increased following the hurricane breach and how this varied between barrier island, bayside islands, and the mainland. A two-way ANOVA was used to compare panne yearly change rates before and after the breach and between barrier island, bayside islands, and the mainland. Annual salt marsh change rates were compared with a Kruskal-Wallis rank sum test, a nonparametric statistical test, followed by a Wilcoxon rank sum test. Linear regression models were used to test the relationship between edge erosion and distance from the breach for the period 2011 to 2017 for 2000 m in both directions. A beta regression ANOVA-like table was produced testing the relationship between the percent change from 2015 to 2017 of interior areas with and without mosquito ditch hydrological connections. All statistical analysis was done within the R 3.5.1 statistical environment [63] .
Results
OBIA Classification
The 2015 Worldview-2/Worldview-3 image classification achieved an overall accuracy of 92.75% (Table 2) . Visual inspections revealed an appealing result with an appropriate gradient from S. alterniflora, high marsh, Phragmites, and upland vegetation (Figure 3 ). Errors were mostly between the two types of S. alterniflora due to their spectral similarities and early seasonal acquisition date of the imagery. There was no confusion between mudflat/water and other classes making this classification an ideal baseline for change analysis.
The 2015 Worldview-2/Worldview-3 imagery classification was compared with a 1997 classification conducted with aerial imagery. When comparing salt marsh vegetation between the two periods a reduction from 531.27 ha to 505.95 ha was observed or 1.41 ha y −1 . 
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Tidal Stage Effect
The 2017 NAIP imageries were acquired at an approximate tidal stage of 35.66 cm above MLLW at U.S. Geological Survey (USGS) 01305575 at Watch Hill [43] . The 2014 DEM derived from topobathymetric LiDAR was used to determine how much inundation of S. alternilflora would be expected at this elevation. The analysis found 7.39% of the 2015 classification's S. alterniflora classes were inundated. The indundation could be subcanopy and have little impact on the 2017 classification. The areas of modeled inundation were most prevalent in mosquito ditches, sandbars, and interior mudflats (Figure 4) .
FIIS on the mainland.
The 2017 NAIP imageries were acquired at an approximate tidal stage of 35.66 cm above MLLW at U.S. Geological Survey (USGS) 01305575 at Watch Hill [43] . The 2014 DEM derived from topobathymetric LiDAR was used to determine how much inundation of S. alternilflora would be expected at this elevation. The analysis found 7.39% of the 2015 classification's S. alterniflora classes were inundated. The indundation could be subcanopy and have little impact on the 2017 classification. The areas of modeled inundation were most prevalent in mosquito ditches, sandbars, and interior mudflats (Figure 4 ). 
Change Analysis (1994-2017)
The panne change analysis achieved overall accuracy > 85% for all years (Table 3) . However since these classifications were being used in tandem it is important to note that propogated percent error calculated by the square root of the sum of squares was 16.7, 10.2, 11.8, and 13. 
The panne change analysis achieved overall accuracy > 85% for all years (Table 3) . However since these classifications were being used in tandem it is important to note that propogated percent error calculated by the square root of the sum of squares was 16.7, 10.2, 11.8, and 13. Figure 5 ). There were statistical differences between the yearly change rates (H ( 3 ) = 30.097, p < 0.001) were compared with the Wilcoxon rank sum test (Table 4 ). There were significant differences between edge erosion rates between 1994 and 2011 and 2011 and 2017 (F 1, 1597 = 206.06, p <0.001). There were no significant differences between panne change in 1994-2011 and 2011-2017 (F 1,948 = 0.13, p = 0.72). The edge erosion rates for the mainland, bayside islands, and barrier island locations were compared before and after the Hurricane Sandy breach with least-square means ( Figure 6 ). Pannes, in general, became larger from 1994 to 2017, the temporal resolution from 2011-2017 shows fluctuation in these increases (Figure 7) . In 2015-2017, pannes were more likely to revegetate if they had a hydrological connection to a mosquito ditch (χ2=28.049, p < 0.001). Edge erosion to the east of the breach from 2011 to 2017 had a significant linear trend (F 1, 27 = 28.2, p < 0.001) and an R 2 of 0.51.
Edge erosion to the west of the breach from 2011-2017 had no trend (F 1,94 = 1.5, p = 0.22) and an R 2 of 0.02. 
Discussion
The change analysis between the 1997 classification and the 2015 classification revealed salt marsh loss (Figure 8 ). High marsh area fell from 199.6 ha to 109.8 ha. Previous studies mapping salt marsh change from 1974 to 2005/2008 for the entirety of Long Island, NY found similar change, including a 35.5% reduction in the high marsh for a region from Fire Island inlet to Smith Point, and a decrease in Phragmites on the south shore [15] . The conversion of upland and Phragmites to low and high marsh categories suggests salt marsh migration in response to SLR. The utility of the comparison between 1997 and 2015 was limited due to the different classification schemes.
In general, pannes/pools demonstrated several periods of statistically significant expansion. Of the 475 pannes, 46% were present in 1994. Meaning there was a doubling of pools and pannes from 1994 to 2015. Two hundred and twelve of the 475 pannes were in areas classified as high marsh in 1997. These pannes accounted for 12.51 ha out of a total of 21.81 ha, i.e., the largest area of pannes occurred in the high marsh. These non-vegetated pannes/pools are essentially tidal mudflats which provide some essential ecosystems services. However, ecosystem service valuations suggest salt marsh to be over five times more valuable than mudflats [64] .
The expected evolution of an interior salt marsh pool is expansion until hydrological connectivity is established leading to drainage and possible vegetation regrowth [22] . In our analysis, pannes/pools connected to mosquito ditches in 2015 had a mean change rate of −3.52 m 2 y -1 compared to 30.87 m 2 y -1 for non-hydrologically connected pannes/pools. This is encouraging for the 
The expected evolution of an interior salt marsh pool is expansion until hydrological connectivity is established leading to drainage and possible vegetation regrowth [22] . In our analysis, pannes/pools connected to mosquito ditches in 2015 had a mean change rate of −3.52 m 2 y −1 compared to 30.87 m 2 y −1 for non-hydrologically connected pannes/pools. This is encouraging for the possibility of vegetation regrowth. However, natural creeks are infrequent landscape features having remained relatively stable from 1930 to 2007 [61] . In contrast mosquito ditches are common across Fire Island, leading to hydrological connectivity with mosquito ditches being common. However, besides providing a hydrological connection, mosquito ditches likely drive drowning by altering marsh hydrology, and plugged mosquito ditches cause subsidence and loss of salt marsh function [65] . Additionally, the berms surrounding ditches can lead to poor drainage [66] . Highly variable accumulation of sediment in Fire Island's mosquito ditches has led to the infill of some ditches and little to no accumulation in others [61] (Figure 8 ). The varied rate of infilling could be influencing observed rates of panne/pool expansion. The landscape legacy of the mosquito ditches is a site-specific factor that is critical for understanding salt marsh change on Fire Island. [61] . In contrast mosquito ditches are common across Fire Island, leading to hydrological connectivity with mosquito ditches being common. However, besides providing a hydrological connection, mosquito ditches likely drive drowning by altering marsh hydrology, and plugged mosquito ditches cause subsidence and loss of salt marsh function [65] . Additionally, the berms surrounding ditches can lead to poor drainage [66] . Highly variable accumulation of sediment in Fire Island's mosquito ditches has led to the infill of some ditches and little to no accumulation in others [61] (Figure 8 ). The varied rate of infilling could be influencing observed rates of panne/pool expansion. The landscape legacy of the mosquito ditches is a site-specific factor that is critical for understanding salt marsh change on Fire Island. Whether vegetation regrowth occurred within the pannes/pools is a critical question. Vegetation regrowth is limited by the growth range of S. alterniflora at the site. The lowest elevation of living S. alterniflora at the site was 25.7 cm below NAVD 1988 [67] . The minimum growing elevation of S. alterniflora for FIIS was determined using the tidal range of 45.5 cm and the methods of [10] . Finding a minimum growth elevation of 12.7 cm below NAVD 1988, which is a more conservative estimate than the observed minimum growth elevation. Six of the 475 pannes analyzed were below the vegetation range of S. alterniflora at the site, meaning vegetation could grow on nearly all of the observed pannes. However, only 30 of the 475 2015 pannes/pools were entirely vegetated in 2017. Complete vegetation regrowth was rare but did occur in the pannes and pools analyzed. Whether vegetation regrowth occurred within the pannes/pools is a critical question. Vegetation regrowth is limited by the growth range of S. alterniflora at the site. The lowest elevation of living S. alterniflora at the site was 25.7 cm below NAVD 1988 [67] . The minimum growing elevation of S. alterniflora for FIIS was determined using the tidal range of 45.5 cm and the methods of [10] . Finding a minimum growth elevation of 12.7 cm below NAVD 1988, which is a more conservative estimate than the observed minimum growth elevation. Six of the 475 pannes analyzed were below the vegetation range of S. alterniflora at the site, meaning vegetation could grow on nearly all of the observed pannes.
However, only 30 of the 475 2015 pannes/pools were entirely vegetated in 2017. Complete vegetation regrowth was rare but did occur in the pannes and pools analyzed.
Significant increases in edge erosion were observed following the breach. These areas likely experienced changes in currents, wave energy, or LMSL. For example, the William Floyd estate site saw no significant difference in edge erosion before and after the breach. This site is approximately 8 km away from the breach and approximately 5 km from the stabilized Moriches Inlet. In contrast, the area immediately surrounding the breach to the east experienced significant loss from increased edge erosion. An increase in edge erosion as you neared the breach was evident towards the east. However, there was no such trend to the west of the breach. The high variability of the bayside salt marsh erosion demonstrates the importance of geospatial monitoring to understand how these systems are changing spatially. As previous studies reported, Surface Elevation Table ( SET)-derived accretion estimates at the site are below the rates of SLR [5] . FIIS' wilderness areas have little infrastructure limiting the migration of salt marsh. However, the islands width and interconnectedness of the barrier island systems means salt marsh migration alone will not maintain the barrier island.
The bayside of barrier islands have low energy and small tidal range (Watch Hill, NY on Fire Island's tidal range is 45.5 cm between MLLW and MHHW [43] ), which can result in slower expansion of pools due to edge erosion [25] . The establishment of an inlet can cause an increase in tidal range; however, there were no statistical differences between panne/pool expansion rates between the examined time periods (1994-2011 and 2011-2017) . Possibly due to the scarcity of pools in our analysis which would be expected to expand more rapidly with increased tidal range. The breach caused by Hurricane Sandy did not appear to accelerate or slow the interior salt marsh change. However, edge erosion significantly increased following the breach. Continued monitoring is necessary to determine if the observed trend continues.
Conclusions
This study evaluated panne/pool development and fluctuations with remote sensing, identifying spatial and temporal patterns of coastal marsh habitat change in a protected National Seashore. Remote sensing methods were essential for understanding how these protected salt marshes changed from 1994 to 2017. This analysis was contingent on the proliferation of remote sensing data which allowed for the synthesis of multiple data types to better understand salt marsh trends and dynamics. Change analysis demonstrated that panne/pool expansion and edge erosion accounted for the majority of salt marsh loss. The losses were partly driven by an increase in edge erosion observed following the breach. Vegetation regrowth occurred with pannes/pools demonstrating increased regrowth when hydrologically connected to a mosquito ditch or channel. The pannes/pools analyzed were not in equilibrium in the two decades analyzed instead demonstrating a long-term trend of expansion.
There is a need for increased salt marsh monitoring for determining where, when, and how salt marshes are changing. This study presents a methodology for salt marsh classification and change analysis of pannes and edge erosion. The aerial imagery classifications achieved satisfactory overall accuracies (> 85%) as suggested by Thomlison et al. [68] , however, propagated error when conducting the change analyses was a concern. NAIP imagery is an ideal data source in regards to spatial, temporal and spectral resolution with several caveats. The lack of a NIR band led to a decrease in accuracy due to vegetated and non-vegetated pannes appearing spectrally similar. Additionally, aerial image acquisitions had variable quality and tidal stages at time of acquisition which limited the accuracy of particular years. Finally, the data are only available for the USA. The workflow used in this study allowed for rapid classification and change analysis of salt marsh environments. The biennial collection of NAIP imagery makes it uniquely suited for the low-cost continuation of high-resolution salt marsh monitoring into the future.
